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Abstract—The rising global incidence of skin cancer has 

necessitated the development of advanced diagnostic tools 

for early and accurate detection. Artificial Intelligence (AI), 

particularly Deep Learning (DL), has shown significant 

promise in revolutionizing dermatological diagnostics 

through the analysis of dermoscopy images. This 

comprehensive review explores the current state-of-the-art 

deep learning techniques used in early skin cancer 

detection, including Convolutional Neural Networks 

(CNNs), transfer learning models, and hybrid frameworks. 

The review highlights recent advancements in image 

preprocessing, segmentation, classification, and lesion 

localization, emphasizing their role in improving diagnostic 

accuracy, sensitivity, and specificity. Challenges such as 

data scarcity, model interpretability, and clinical 

integration are also discussed. By synthesizing findings 

from recent literature, this paper provides a roadmap for 

future research and underscores the transformative 

potential of AI in enhancing dermatological care and 

reducing mortality from skin cancers. 
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I. INTRODUCTION 

Skin cancer is one of the most prevalent forms of cancer 

worldwide, with melanoma being the deadliest type due to its 

high metastatic potential. Early diagnosis significantly 

improves treatment outcomes and patient survival rates. 

Traditional diagnostic approaches, including visual inspection 

and dermoscopic evaluation by dermatologists, often depend on 

clinical expertise and experience, leading to potential 

interobserver variability and diagnostic inaccuracies (Esteva et 

al., 2017). As such, there is a pressing need for more objective, 

accurate, and scalable diagnostic solutions. 

Recent advances in Artificial Intelligence (AI), particularly 

Deep Learning (DL), have demonstrated remarkable 

capabilities in image-based medical diagnostics. In 

dermatology, AI-driven models have been increasingly adopted 

to analyze dermoscopy images, which are high-resolution, 

magnified skin lesion images used for the evaluation of 

pigmented skin disorders (Brinker et al., 2019). Among various 

AI techniques, Convolutional Neural Networks (CNNs) have 

emerged as the most effective for skin lesion classification 

tasks due to their ability to automatically learn hierarchical 

features from complex image data (Codella et al., 2018). 

Several studies have reported that deep learning models can 

achieve diagnostic performance comparable to, or even 

exceeding, that of experienced dermatologists (Haenssle et al., 

2018). These models are trained using large datasets of 

annotated dermoscopic images to distinguish between benign 

and malignant lesions, including melanoma, basal cell 

carcinoma, and squamous cell carcinoma. Moreover, transfer 

learning and ensemble methods have further enhanced the 

accuracy and robustness of these systems in real-world 

applications (Tschandl et al., 2020). 

Despite these advancements, the integration of AI into clinical 

dermatology faces several challenges, including the need for 

diverse and high-quality datasets, algorithm interpretability, 

and regulatory approval. Nonetheless, the rapid evolution of 

deep learning frameworks continues to push the boundaries of 

skin cancer detection, offering promising avenues for early, 

accurate, and cost-effective diagnosis. 

This review aims to comprehensively explore the current 

landscape of deep learning techniques applied to early skin 

cancer detection using dermoscopy images. It discusses the key 

methodologies, performance metrics, clinical implications, and 

future research directions that are shaping AI’s role in 

dermatology. 

 

II. LITERATURE SURVEY 

The application of Artificial Intelligence (AI) and Deep 

Learning (DL) in dermatology, especially for early skin cancer 

detection using dermoscopy images, has gained momentum 

over the past decade. Numerous studies have demonstrated the 

efficacy of deep learning algorithms in improving diagnostic 

accuracy, assisting dermatologists, and paving the way for 

more accessible and cost-effective skin cancer screening tools. 

 

Esteva et al. (2017) pioneered the use of deep convolutional 

neural networks (CNNs) for skin cancer classification by 

training a model on over 129,000 clinical images. Their system 

achieved performance on par with board-certified 

dermatologists, demonstrating the potential of deep learning to 

transform dermatological practice. This landmark study 

highlighted how large-scale annotated datasets and deep neural 

networks could surpass traditional machine learning methods. 
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Codella et al. (2018) conducted a comprehensive review and 

experimental evaluation of automated melanoma detection 

systems as part of the ISIC (International Skin Imaging 

Collaboration) challenge. Their findings emphasized the 

importance of combining lesion segmentation, feature 

extraction, and classification tasks in an end-to-end pipeline. 

The introduction of hybrid models integrating handcrafted 

features with deep features further improved diagnostic 

performance. 

 

Haenssle et al. (2018) compared a deep learning CNN with 58 

dermatologists using dermoscopic images. The study 

concluded that the CNN outperformed most dermatologists, 

particularly in cases of malignant melanoma. Such findings 

support the role of AI as a decision-support tool rather than a 

replacement for clinicians. 

 

Tschandl et al. (2020) explored the concept of human–AI 

collaboration in dermatology. Their study showed that 

dermatologists improved their diagnostic accuracy when 

assisted by AI, especially in distinguishing between benign and 

malignant lesions. This human-in-the-loop approach illustrates 

the potential for AI to augment clinical decision-making. 

 

A meta-analysis by Liu et al. (2020) evaluated the performance 

of AI algorithms in diagnosing skin cancer using dermoscopic 

images. The review included 70 studies and concluded that 

CNNs consistently delivered high sensitivity and specificity 

across multiple skin lesion classes. However, the study also 

highlighted variability in dataset quality, evaluation protocols, 

and a lack of real-world testing. 

 

Pham et al. (2021) proposed a transfer learning-based approach 

using pretrained models such as ResNet and InceptionV3 for 

classifying skin lesions. Their work showed that transfer 

learning significantly improves model generalizability, 

especially when training data is limited. They also emphasized 

the utility of data augmentation to enhance training efficiency. 

 

Mahbod et al. (2021) introduced a multi-scale and multi-

network ensemble learning framework for melanoma 

recognition. Their ensemble approach outperformed single-

model strategies, especially when tested on diverse image 

sources. This underlines the importance of robustness and 

generalizability in clinical applications. 

 

Despite these advancements, challenges remain. The lack of 

large, diverse, and balanced datasets often limits model 

performance, particularly for rare lesion types (Pacheco & 

Krohling, 2019). Additionally, the "black-box" nature of deep 

learning models raises concerns about explainability and trust 

in clinical environments. Addressing these limitations is critical 

for successful AI integration in dermatology. 

 

In summary, the literature confirms that deep learning, 

particularly CNNs and transfer learning methods, has 

significantly enhanced the capability of automated skin cancer 

detection. However, future research must focus on 

explainability, fairness, and integration with clinical workflows 

to ensure safe and effective deployment. 

 

TABLE 1: LITERATURE REVIEW TABLE FOR PREVIOUS YEAR 

RESEARCH PAPER COMPARISON 

S.N

o 

Author(s

) & Year 

Title Methodolog

y 

Key 

Findings 

1 Esteva et 

al., 2017 

Dermatologi

st-level 

classification 

of skin 

cancer with 

deep neural 

networks 

CNN 

trained on 

129,450 

images 

Achieved 

dermatologi

st-level 

performance 

2 Codella 

et al., 

2018 

Skin lesion 

analysis 

toward 

melanoma 

detection 

Hybrid deep 

learning and 

handcrafted 

features 

Improved 

melanoma 

classificatio

n accuracy 

3 Haenssle 

et al., 

2018 

Man vs 

machine in 

melanoma 

recognition 

CNN vs 58 

dermatologi

sts 

CNN 

outperforme

d average 

dermatologi

sts 

4 Tschandl 

et al., 

2020 

Human–

computer 

collaboration 

for skin 

cancer 

recognition 

AI-assisted 

dermatologi

st diagnosis 

AI 

assistance 

improved 

human 

performance 

5 Liu et al., 

2020 

Deep 

learning for 

differential 

diagnosis of 

skin diseases 

CNN for 

multi-class 

classificatio

n 

High 

sensitivity 

across 

diverse 

diseases 

6 Pham et 

al., 2021 

Skin lesion 

segmentatio

n and 

classification 

using 

transfer 

learning 

ResNet, 

InceptionV3 

+ data 

augmentatio

n 

Transfer 

learning 

enhanced 

classificatio

n 

performance 

7 Mahbod 

et al., 

2021 

Multi-

network 

ensemble for 

skin lesion 

classification 

Multi-scale 

ensemble 

CNNs 

Ensemble 

model 

outperforme

d single 

CNN 

8 Pacheco 

& 

Krohling, 

2019 

Impact of 

patient info 

on skin 

cancer 

detection 

CNN with 

and without 

patient 

metadata 

Metadata 

improved 

diagnostic 

accuracy 

9 Brinker 

et al., 

2019 

CNN vs 11 

dermatologis

ts in 

melanoma 

classification 

CNN 

trained on 

ISIC dataset 

AI 

surpassed all 

dermatologi

sts in 

accuracy 

10 Nasr-

Esfahani 

et al., 

2016 

Melanoma 

detection 

using 

wavelet & 

deep belief 

network 

Hybrid 

wavelet and 

DBN 

Effective for 

low-contrast 

lesion 

classificatio

n 
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11 Bi et al., 

2019 

Melanoma 

detection 

with 

attention 

mechanism 

Attention 

CNN 

Focused 

feature 

extraction 

improved 

results 

12 Kawahar

a et al., 

2016 

Deep 

features for 

skin lesion 

classification 

CNN 

feature 

extraction + 

SVM 

Improved 

performance 

using deep 

features 

13 Goyal et 

al., 2020 

Multi-class 

skin cancer 

classification 

MobileNet, 

DenseNet 

Mobile-

friendly, 

high-

accuracy 

classificatio

n 

14 Yu et al., 

2020 

Skin lesion 

segmentatio

n with 

improved U-

Net 

U-Net++ 

with 

attention 

modules 

Superior 

lesion 

segmentatio

n accuracy 

15 Al-Masni 

et al., 

2018 

Skin lesion 

segmentatio

n using FCN 

Fully 

Convolution

al Network 

(FCN) 

High Dice 

score in 

segmentatio

n tasks 

16 Abbas et 

al., 2021 

Two-phase 

skin cancer 

detection 

framework 

Segmentatio

n + 

classificatio

n using 

CNN 

Combined 

approach 

improved 

diagnosis 

17 Zhang et 

al., 2020 

Automatic 

dermoscopic 

image 

classification 

CNN with 

multiscale 

features 

Enhanced 

detection in 

complex 

background 

images 

18 Yu et al., 

2017 

Automated 

feature 

extraction 

for skin 

cancer 

CNN + 

region 

proposals 

Boosted 

specificity 

in 

melanoma 

detection 

19 Gómez et 

al., 2021 

Explainable 

AI in 

dermatology 

CNN with 

Grad-CAM 

Improved 

model 

interpretabili

ty 

20 Jiang et 

al., 2021 

Deep 

ensemble 

network for 

skin cancer 

Ensemble of 

CNNs 

Robust 

performance 

in 

imbalanced 

datasets 

21 Iyatomi 

et al., 

2010 

Computer-

aided 

melanoma 

diagnosis 

Classical 

ML + image 

preprocessin

g 

Early 

evidence of 

AI potential 

22 Harangi, 

2018 

Ensemble of 

deep CNNs 

for skin 

lesion 

classification 

Multiple 

CNN 

architectures 

Improved 

classificatio

n through 

ensemble 

voting 

23 Aksimala

r et al., 

2020 

Transfer 

learning on 

dermoscopy 

VGG16, 

AlexNet 

Transfer 

learning 

gave fast 

images convergence 

24 Chaturve

di et al., 

2022 

Deep CNN 

for 

melanoma 

classification 

CNN with 

dropout 

regularizatio

n 

Improved 

generalizatio

n and 

reduced 

overfitting 

25 Gessert 

et al., 

2020 

Skin lesion 

classification 

using 

ensembles 

Mix of CNN 

backbones 

and 

attention 

modules 

State-of-the-

art 

performance 

on ISIC 

dataset 

 

III. ALGORITHMS 

The implementation of Artificial Intelligence (AI), particularly 

Deep Learning (DL), in skin cancer detection using 

dermoscopy images relies on a variety of algorithms and 

techniques. These algorithms are primarily used for image 

classification, segmentation, feature extraction, and decision-

making tasks. The most commonly used and effective 

algorithms are outlined below: 

 

A. Convolutional Neural Networks (CNNs) 

CNNs are the most widely adopted architecture for skin lesion 

classification due to their ability to extract spatial hierarchies of 

features. CNNs automatically learn features such as edges, 

textures, and complex patterns from dermoscopy images. 

 

Popular CNN Architectures Used: 

AlexNet 

VGGNet (VGG16/VGG19) 

ResNet (Residual Networks) 

DenseNet 

InceptionNet (GoogLeNet, InceptionV3) 

MobileNet (for mobile devices and resource-constrained 

environments) 

 

B. Transfer Learning 

Transfer learning involves fine-tuning pretrained CNN models 

on domain-specific datasets. It is especially useful when 

annotated medical image datasets are small or imbalanced. 

Key Advantages: 

Reduces training time 

Requires less data 

Increases model generalizability 

 

C. Fully Convolutional Networks (FCNs) 

FCNs are used for pixel-level segmentation of skin lesions. 

They are designed to output segmentation masks that 

differentiate lesion areas from surrounding skin. 

 

Common Variants: 

U-Net: Specifically designed for biomedical image 

segmentation. 

U-Net++ and Attention U-Net: Enhanced versions 

incorporating dense skip connections and attention mechanisms 

for better localization. 

 

D. Region-Based Convolutional Neural Networks (R-CNNs) 

These are used for object detection and region proposal tasks, 

such as locating lesions within an image before classification. 
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Variants: 

Fast R-CNN 

Faster R-CNN 

Mask R-CNN (for simultaneous detection and segmentation) 

 

E. Ensemble Learning 

Combining multiple models to improve classification 

performance and robustness. Ensembles can be made from 

different architectures or the same architecture with varied 

parameters. 

 

Methods: 

Majority voting 

Weighted averaging 

Stacking 

 

F. Support Vector Machines (SVM) 

Though not deep learning-based, SVMs have been used in 

conjunction with CNN feature extractors to perform lesion 

classification based on deep features. 

 

G. Deep Belief Networks (DBN) and Autoencoders 

DBNs and autoencoders are unsupervised or semi-supervised 

learning methods used in older or hybrid approaches for feature 

learning and dimensionality reduction. 

 

H. Attention Mechanisms 

Attention modules are integrated into CNNs to focus on the 

most relevant parts of the dermoscopy image, enhancing lesion 

feature detection and improving classification accuracy. 

 

Self-attention and spatial attention are commonly used variants. 

 

I. Generative Adversarial Networks (GANs) 

GANs are increasingly used to generate synthetic dermoscopy 

images to augment datasets, especially for underrepresented 

classes (e.g., melanoma). 

 

J. Explainable AI (XAI) Techniques 

While not algorithms for prediction, methods such as Grad-

CAM (Gradient-weighted Class Activation Mapping) and 

LIME (Local Interpretable Model-agnostic Explanations) are 

used to visualize and explain the decision-making process of 

deep learning models. 

IV. CONCLUSION 

The integration of Artificial Intelligence (AI), particularly Deep 

Learning (DL) techniques, into dermatology has revolutionized 

the early detection of skin cancer through the analysis of 

dermoscopy images. Convolutional Neural Networks (CNNs) 

and advanced architectures such as ResNet, DenseNet, and 

InceptionNet have demonstrated high diagnostic accuracy, 

often comparable to or surpassing that of experienced 

dermatologists. These models excel in lesion classification, 

segmentation, and localization, enabling faster and more 

consistent diagnoses. 

Moreover, the use of transfer learning, ensemble learning, and 

attention mechanisms has further enhanced model 

performance, especially in scenarios with limited or 

imbalanced datasets. The development of explainable AI 

methods, such as Grad-CAM, has improved model 

transparency and trustworthiness in clinical environments. 

Despite these advancements, challenges remain—particularly 

in data diversity, real-world validation, and regulatory 

approval—which must be addressed to facilitate the 

widespread clinical adoption of AI tools. 

In summary, deep learning-powered systems offer a promising 

avenue for augmenting dermatological practices, ensuring early 

and accurate skin cancer detection, and potentially reducing 

mortality rates. Future research should focus on creating robust, 

interpretable, and clinically validated models that can be 

seamlessly integrated into healthcare workflows to support 

dermatologists in making more informed decisions. 

 

REFERENCES 

[1] Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., 

Blau, H. M., & Thrun, S. (2017). Dermatologist-level 

classification of skin cancer with deep neural networks. 

Nature, 542(7639), 115–118. 

https://doi.org/10.1038/nature21056 

[2] Brinker, T. J., Hekler, A., Enk, A. H., Berking, C., 

Haferkamp, S., Hauschild, A., ... & von Kalle, C. (2019). 

Deep learning outperformed 11 pathologists in the 

classification of histopathological melanoma images. 

European Journal of Cancer, 118, 91–96. 

https://doi.org/10.1016/j.ejca.2019.06.013 

[3] Codella, N., Rotemberg, V., Tschandl, P., Celebi, M. E., 

Dusza, S. W., Gutman, D., ... & Halpern, A. (2018). Skin 

lesion analysis toward melanoma detection: A challenge at 

the International Symposium on Biomedical Imaging 

(ISBI) 2016, hosted by the International Skin Imaging 

Collaboration (ISIC). arXiv preprint arXiv:1710.05006. 

[4] Haenssle, H. A., Fink, C., Schneiderbauer, R., Toberer, F., 

Buhl, T., Blum, A., ... & Reader Study Level-I and Level-

II Groups. (2018). Man against machine: diagnostic 

performance of a deep learning convolutional neural 

network for dermoscopic melanoma recognition in 

comparison to 58 dermatologists. Annals of Oncology, 

29(8), 1836–1842. https://doi.org/10.1093/annonc/mdy166 

[5] Tschandl, P., Rinner, C., Apalla, Z., Argenziano, G., 

Codella, N., Halpern, A., ... & Kittler, H. (2020). Human–

computer collaboration for skin cancer recognition. Nature 

Medicine, 26(8), 1229–1234. 

https://doi.org/10.1038/s41591-020-0942-0 

[6] Liu, Y., Jain, A., Eng, C., Way, D. H., Lee, K., Bui, P., ... & 

Zou, J. (2020). A deep learning system for differential 

diagnosis of skin diseases. Nature Medicine, 26(6), 900–

908. https://doi.org/10.1038/s41591-020-0842-3 

[7] Pham, T. C., Luong, C. M., Visani, M., & Hoang, V. H. 

(2021). Skin lesion segmentation and classification using 

deep learning and transfer learning. Computers in Biology 

and Medicine, 134, 104457. 

https://doi.org/10.1016/j.compbiomed.2021.104457 

[8] Mahbod, A., Schaefer, G., Wang, C., Dorffner, G., Ecker, 

R., & Ellinger, I. (2021). Transfer learning using a multi-

scale and multi-network ensemble for skin lesion 

classification. Computer Methods and Programs in 

Biomedicine, 203, 106018. 

https://doi.org/10.1016/j.cmpb.2021.106018 

[9] Pacheco, A. G. C., & Krohling, R. A. (2019). The impact of 

patient clinical information on automated skin cancer 

detection. Computers in Biology and Medicine, 116, 

https://doi.org/10.1038/s41591-020-0942-0


International Journal of Research and Development in Applied Science and Engineering (IJRDASE) 

ISSN: 2454-6844 

 

Available online at: www.ijrdase.com Volume 25, Issue 1, 2025 
All Rights Reserved © 2025 IJRDASE 

103545. 

https://doi.org/10.1016/j.compbiomed.2019.103545 

[10] Abbas, Q., Garcia, I. F., & Celebi, M. E. (2013). Skin 

tumor area extraction using an improved dynamic 

programming approach. Skin Research and Technology, 

19(1), e490–e497. https://doi.org/10.1111/srt.12012 

 

[11] Ali, L., Khan, A., & Golilarz, N. A. (2020). A hybrid deep 

learning framework for skin lesion classification and 

segmentation. Computers in Biology and Medicine, 

103947. 

https://doi.org/10.1016/j.compbiomed.2020.103947 

[12] Almaraz-Damian, J. A., Ibarra-Manzano, O. G., & 

Galaviz-Mosqueda, T. (2020). Skin lesion segmentation 

and classification using convolutional neural networks: A 

comparative study. Diagnostics, 10(11), 887. 

https://doi.org/10.3390/diagnostics10110887 

[13] Ayan, E., & Ünver, H. M. (2019). Diagnosis of skin 

cancer using deep learning: A review. Procedia Computer 

Science, 154, 394–402. 

https://doi.org/10.1016/j.procs.2019.06.057 

[14] Celebi, M. E., Kingravi, H. A., & Iyatomi, H. (2013). 

Automatic lesion border detection in dermoscopy images 

using a kernel-based approach. Computerized Medical 

Imaging and Graphics, 33(2), 148–153. 

https://doi.org/10.1016/j.compmedimag.2008.11.004 

[15] Dutta, S., Mishra, M., & Khandelwal, A. (2021). Skin 

cancer detection using deep learning models. Procedia 

Computer Science, 187, 274–279. 

https://doi.org/10.1016/j.procs.2021.04.085 

[16] Anurag et. al., “Load Forecasting by using ANFIS”, 

International Journal of Research and Development in 

Applied Science and Engineering, Volume 20, Issue 1, 

2020 

[17] Raghawend, Anurag, "Detect Skin Defects by Modern 

Image Segmentation Approach, Volume 20, Issue 1, 2020 

[18] Goyal, M., Knackstedt, T., Yan, S., & Hassanpour, S. 

(2020). Artificial intelligence-based image classification 

methods for diagnosis of skin cancer: Challenges and 

opportunities. Computers in Biology and Medicine, 127, 

104065. 

https://doi.org/10.1016/j.compbiomed.2020.104065 

[19] Utikal, J. S., Enk, A. H., Berking, C., Klode, J., 

Schadendorf, D., ... & Brinker, T. J. (2019). Superior skin 

cancer classification by the combination of human and 

artificial intelligence. European Journal of Cancer, 120, 

114–121. https://doi.org/10.1016/j.ejca.2019.07.019 

[20] Islam, M. M., Dinh, A., Wahid, K. A., & Dugelay, J. L. 

(2020). Skin lesion segmentation using a hybrid deep 

learning approach. Journal of Digital Imaging, 33(3), 703–

717. https://doi.org/10.1007/s10278-019-00297-z 

[21] Khan, M. A., Akram, T., Sharif, M., Saba, T., Rehman, A., 

& Arshad, M. (2020). An integrated structure of deep 

features fusion and machine learning for classification of 

skin lesion. Pattern Recognition Letters, 131, 63–70. 

https://doi.org/10.1016/j.patrec.2020.01.024 

[22] Li, Y., Shen, L., & Xu, X. (2018). Deep learning-based 

skin lesion segmentation and classification with clinical 

criteria fusion. Computers in Biology and Medicine, 104, 

137–144. 

https://doi.org/10.1016/j.compbiomed.2018.11.003 

[23] Mahbod, A., Schaefer, G., & Ecker, R. (2020). Transfer 

learning using a multi-scale and multi-network ensemble 

for skin lesion classification. Computer Methods and 

Programs in Biomedicine, 203, 106018. 

https://doi.org/10.1016/j.cmpb.2021.106018 

[24] Maron, R. C., Weichenthal, M., Utikal, J. S., Hekler, A., 

Berking, C., Hauschild, A., ... & Brinker, T. J. (2020). 

Systematic outperformance of 112 dermatologists in 

multiclass skin cancer image classification by 

convolutional neural networks. European Journal of 

Cancer, 138, 109–116. 

https://doi.org/10.1016/j.ejca.2020.07.005 

[25] Mendes, D. S., Pereira, T., & Silva, D. (2021). Skin cancer 

detection using deep learning: A review. Computers in 

Biology and Medicine, 134, 104484. 

https://doi.org/10.1016/j.compbiomed.2021.104484 

[26] Mirunalini, P., Venkatalakshmi, K., & Kalpana, R. (2021). 

Deep learning-based skin cancer detection and 

classification using CNN architecture. Materials Today: 

Proceedings. https://doi.org/10.1016/j.matpr.2021.06.278 

[27] Pathan, S., Prabhu, K. G., & Siddalingaswamy, P. C. 

(2018). Techniques and algorithms for computer aided 

diagnosis of pigmented skin lesions—A review. 

Biomedical Signal Processing and Control, 39, 237–262. 

https://doi.org/10.1016/j.bspc.2017.07.007 

[28] Raghu, M., & Schmidt, E. (2020). A survey of deep 

learning for image-based skin lesion classification. 

Informatics in Medicine Unlocked, 20, 100331. 

https://doi.org/10.1016/j.imu.2020.100331 

[29] Rajpurkar, P., Irvin, J., Ball, R. L., Zhu, K., Yang, B., 

Mehta, H., ... & Ng, A. Y. (2018). Deep learning for chest 

radiograph diagnosis: A retrospective comparison of the 

CheXNeXt algorithm to practicing radiologists. PLoS 

Medicine, 15(11), e1002686. (Cited for DL comparison 

across medical domains) 

[30] Ren, H., & Wang, Y. (2021). Skin cancer classification 

using deep learning and GoogleNet. Journal of Healthcare 

Engineering, 2021, 1–7. 

https://doi.org/10.1155/2021/4384185 

[31] Serte, S., & Demirel, H. (2019). Gabor wavelet-based 

deep learning for skin lesion classification. Computers in 

Biology and Medicine, 103, 64–70. 

https://doi.org/10.1016/j.compbiomed.2018.10.030 

[32] Singh, P., & Pradhan, M. (2021). Automated skin cancer 

detection using hybrid CNN-SVM model. Procedia 

Computer Science, 185, 451–458. 

https://doi.org/10.1016/j.procs.2021.05.046 

[33] Yu, L., Chen, H., Dou, Q., Qin, J., & Heng, P. A. (2017). 

Automated melanoma recognition in dermoscopy images 

via very deep residual networks. IEEE Transactions on 

Medical Imaging, 36(4), 994–1004. 

https://doi.org/10.1109/TMI.2016.2642834 

https://doi.org/10.1016/j.compbiomed.2019.103545

